A widely-used runoff generation model is the simple linear model (SLM), which is built on the concept of converting precipitation to storm runoff by a convolution integral with a response function involving a memory span. In this study, we propose a model incorporating potential evapotranspiration (PET) as an additional factor with a separate response function in addition to the main precipitation driver, which we call the two-variable linear model (TVLM). The TVLM was tested against the observed data from several catchments, and then used to assess the impact of climate variability on runoff. The results demonstrate that incorporating PET improves model performance with the same memory span in the precipitation response function. The precipitation response function is not affected by the addition of PET memory, which indicates that the PET term is a correction factor. The proposed TVLM better captures the runoff generation mechanisms.
Introduction
Since Sherman (1932) introduced the unit hydrograph theory, lumped hydrologic modelling has played an important role in runoff simulations (Gottschalk and Weingartner 1998 , Saghafian 2006 , Nadarajah 2007 , Singh et al. 2007 . One of the simple models in runoff simulations is the simple linear model (SLM), which is built on the concept of converting the precipitation to runoff by a convolution integral with a response function involving a memory span Foley 1981, Ye and Zhan 2000) . Although very simple in structure, the SLM has attracted many applications in river flow forecasting studies , Shamseldin 1997 , Arnold et al. 1998 . Various modifications have been made to improve this simple conceptualization of runoff simulations. Among them, the linear perturbation model (LPM) was proposed by Nash and Barsi (1983) . The LPM considers the cyclical seasonal component as a perturbation to rainfall-runoff processes (Shamsedlin and O'Connor 1996, Xiong et al. 2006) . For a catchment with no marked seasonal behaviour, the simulation efficiency of the LPM would be very similar to that of the SLM (Kachroo and Liang 1992 ). The idea of using different response functions in the SLM, depending upon the prevailing moisture conditions in the catchment, was originally suggested by Todini and Wallis (1977) in the constrained linear systems (CLS) model. Kachroo and Natale (1992) investigated the existence of a systematic relationship between the residuals of simulated runoff from the SLM and the observed runoff as evidence of nonlinearity, and proposed that the SLM should be modified to produce different proportions of runoff for low, medium and high river flow conditions by varying the gain factor as a function of the observed runoff. Ahsan and O'Connor (1994) used the SLM as an auxiliary model to generate the catchment wetness index, and developed a simple nonlinear rainfall-runoff model, which incorporates a variable gain factor depending on the prevailing soil moisture state of the catchment. However, Bruen (1985) demonstrated that the usage of gain factor in the SLM is more intimately related to the current catchment soil moisture state than to the magnitude of the instantaneous rainfall input. In summary, the SLM and its various modifications are all based on the concept of converting precipitation to runoff using precipitation as the only input in the model. Daily values of input and output variables were used by these models, and a memory length of around 15 days was found to be suitable for many catchments. Because of using rainfall as the sole driver, the rainfall-runoff modelling based on the SLM and its various modifications has not been particularly successful in some cases (Shamseldin 1997 , Sudheer et al. 2008 , Lohani et al. 2011 .
Our main objective in this study is to develop and examine an improved runoff generation model, which we call the two-variable linear model (TVLM), by proposing to also incorporate a potential evapotranspiration term as a factor in runoff simulations, in addition to the main precipitation input. Our main consideration is that potential evapotranspiration (PET) is also a factor in runoff generation, and including PET will improve performance of a runoff model. For most weather stations, the variables required in PET estimations are typically available. While actual evapotranspiration (ET) rather than PET should have more direct control in runoff generation, ET is a variable that needs to be simulated and is not easily available, although some direct measurement methods such as eddy covariance and lysimeters are often used. Since we allow a memory span of PET by using a convolution integral in simulating runoff generation, the indirect nature of PET control in runoff generation can be captured in the TVLM. The performance of the TVLM is evaluated against the observed data from several catchments in the Poyang Lake basin in China. In particular, we compare the runoff simulation results from the SLM and TVLM and investigate the contributions of PET to runoff generation.
Our second objective is to investigate the impact of climate variability on catchment runoff using the TVLM. The global mean temperature has increased by 0.74 ± 0.18°C in the past 100 years and this increase may even accelerate in the future (IPCC 2007) . Due to the climate warming trend coupled with strong human activities, more attention has been given to assessing the impacts of climate variability and human activities on runoff change during past decades (Shine and Forster 1999 , Xia and Zhang 2008 , Barange et al. 2010 , Xu et al. 2010 , Zhang et al. 2011 , Wang et al. 2012 , Kiss and Blanka 2012 , Cuo et al. 2013 . General consensus indicates that global warming and related changes to the hydrological cycle are likely to enhance the frequency and severity of extreme climate events, causing more severe floods and droughts (Minville et al. 2008 , Ye et al. 2013 . Numerous studies have focused on the impacts on local regions of climate changes (Steele-Dunne et al. 2008 , Boyer et al. 2010 , Seguí et al. 2010 , Wang et al. 2013 . A similar and widely used method for evaluating the impact on runoff is based on a simple empirical model by Zhang et al. (2001) . In this model, which we call the evapotranspiration to vegetation changes (EVC) model throughout this paper, the runoff is related to precipitation and PET through two sensitivity coefficients. The sensitivity coefficients of the precipitation and PET in the EVC model were used to estimate the impact of climate variability on runoff (Milly and Dunne 2002 , Li et al. 2007 , Guo et al. 2014 , and the residuals that could not be explained by the variability in precipitation and PET were assumed to be the results of human activities. The effects of human activities and climate are commonly interrelated with each other indirectly at broad scales (Johnson et al. 2009 , Bao et al. 2012 , Ye et al. 2013 . In this study, we seek to separate the observed runoff change into the portion that can be explained from the variability of the precipitation and the PET and the portion due to other effects. In doing so, we first detect a statistically significant transition in the observed runoff data in the Poyang Lake basin in China using the nonparametric Mann-Kendall test, and then examine the contributing factors to the transition by using the TVLM and EVC.
Methods and materials
Simple linear model to simulate runoff generation The simple linear model (SLM) converts precipitation to runoff by a convolution integral. Let P(t) and R(t) be the rainfall and runoff time series of a catchment respectively. Assuming that the catchment is a linear and lumped hydrologic system, the SLM can be expressed as Foley 1981, Kachroo and Liang 1992 ):
where H(τ) represents a response function. In the discretized form, the equation can be written as:
In a matrix form, it can be expressed as:
where R is the runoff, P is the precipitation, H is the response function, E is the random error term, n is the total number of data points, and m is the memory length of the response function in a time unit. The vector of response function H m×1 is determined using the least square method to minimize the squared difference between the observed and simulated runoff data, which results in the following solution for the response function:
Two-variable linear model to simulate runoff generation
In this study, we propose to incorporate potential evapotranspiration (PET) time series PET(t) as an additional factor in runoff simulations in addition to the main precipitation input. The model is expressed in the following form:
where A and B are the response functions for the precipitation and the PET respectively. We call the model represented in the above equation the two-variable linear model (TVLM), reflecting the fact that two main climatic variables (i.e., precipitation and potential evapotranspiration) are the driving mechanisms in runoff generation, each with a separate response function. In discretized form, the TVLM can be expressed as:
It can be expressed using the matrix equation as:
where m 1 and m 2 are the memory lengths of the response functions for the precipitation and PET, respectively. The total response function H (consisting of A for the precipitation and B for the PET) in equation (3c) can be solved in a similar manner to solving equation (2) in the least square sense. In practical applications, the PET could be calculated using weather station data by the PenmanMonteith function (Monteith 1965) , which was modified later by Liu et al. (1997) as:
where Δ is the slope of the saturation vapour pressure curve (kPa°C
), R n and G are the net radiation and soil heat flux density, respectively (MJ m
), γ c is the hygroscopic constant (kPa°C
), T is the air temperature (°C), U 2 is the wind speed at 2 m height (m/s -1 ), e s and e a are the saturation vapour pressure and air vapour pressure respectively (kPa).
Evaluating performance of TVLM
In this study, the mean relative error (MRE), coefficient of correlation (COC) and Nash-Sutcliffe efficiency value (NSE, Nash and Sutcliffe 1970) 
where R s and R o are the simulated and observed runoff, respectively, R s and R o are the arithmetic means of simulated and observed runoff, respectively.
Estimating impact of climate variability on runoff
The change of runoff is detected by the nonparametric Mann-Kendall test (Mann 1945 , Kendall 1975 . Let x 1 , x 2 , . . ., x n be the time series data. For each element x i , the numbers u i of elements x j preceding it (j < i) such that x j < x i are counted. The test statistic is then estimated as:
where ex(s k ) and var(s k ) are the expectation and variance of s k given by:
and UF k is the normalized variable of the forward sequence. The backward sequence, UB k , is calculated using the same equation but with a reversed series of data. The test enables the detection of the occurrence of change by locating the intersection of the forward and backward sequences. If the intersection occurs within the confidence interval, then it indicates a change point. Based on the change point, the time series can be divided into the pre-change period (or baseline period) and post-change period.
The response function in the TVLM is calculated based on the monitored data in the pre-change period. The natural runoff during the post-change period, R c , is constructed by only changing the precipitation and PET inputs without any change in the calculated response function. Therefore, R c would represent the runoff due to changes in the climate-related variables of precipitation and PET. The impact of other effects on runoff can be estimated as the difference between the actual observed runoff, R o , and R c :
A change in observed runoff, ΔR o , can result from climate variability, ΔR clim , and other effects, ΔR oe , where ΔR o is calculated as the difference between the mean values of the two time series. Thus, the effects of climate variability can be estimated as:
In terms of percentage, the effects can be expressed as:
where I clim and I oe are the percentages of runoff change due to climate variability and other effects, respectively. Another widely used approach for estimating the impact of climate variability on runoff is based on the EVC model (Zhang et al. 2001) , which is also applied in this study for comparison with the TVLM method. In the EVC model, the relation of long-term mean actual evapotranspiration, ET, with the potential evapotranspiration, PET, and the precipitation, P, can be described as:
where w is the parameter related to vegetation type. For a long time interval (i.e., 10 years or more), the change in soil moisture can be assumed to be zero. Then the water balance for a catchment can be described as:
Thus, the parameter w in equation (10) can be calibrated by solving equations (10) and (11) using the observed long-term annual mean precipitation, PET and runoff data. By denoting x ¼ PET=P, we can develop the following relationships for the runoff and the runoff change due to changes in P and PET:
where ΔR clim is the change in runoff due to the climate variability changes ΔP and ΔPET, β and γ are the sensitivity coefficients of runoff to the precipitation and PET respectively. Note that the EVC is used to estimate the long-term runoff and its change such as annual averages. The EVC approach is not meant to generate short-term time series of hydrological processes as the TVLM does.
Study area and data
To illustrate the approach, we use observational data from the Poyang Lake basin, which is located in the middle reaches on the south bank of the Yangtze River, China (Fig. 1) . The Poyang Lake basin covers an area of 1.6 × 10 5 km 2 , occupying nearly 96.85% of the land of Jiangxi Province and accounting for 9% of the Yangtze River basin area (Sun et al. 2013 , Wu et al. 2013 . The topography in the Poyang Lake basin is diverse, including mountains, hills and alluvial plains. Mountains are mainly located in the western and eastern parts with a maximum elevation of 1800 m above sea level, while low alluvial plains are primarily in the central areas. Four typical catchments within the Poyang Lake basin were selected for this study. They are the Gaosha, Meigang, Saitang and Xiashan catchments, located in the northwest, northeast, middle-west and southeast parts of the Poyang Lake basin, respectively (Fig. 1) . The boundaries of the catchments were delineated using the ArcGIS 9.3 software package based on the 90 m SRTM digital elevation model (DEM) data ), maximum temperature (°C), minimum temperature (°C), mean temperature (°C), actual water vapour pressure (kPa), and relative humidity of air (%). They were collected from the National Climatic Centre of the China Meteorological Administration. The abnormal or missing values for these hydro-meteorological data were examined for data quality control. The Thiessen polygon method was employed to calculate the weight coefficients, expressed as a percentage of the area represented by each meteorological station. Runoff data used in this study are the daily streamflows (m 3 s −1
) measured at Gaosha, Meigang, Saitang and Xiashan hydrological gauging stations.
Results and discussion

Performance of TVLM
Before applying the proposed TVLM and investigating its performance, we first used the Mann-Kendall test to analyse the observed data series for two main purposes: (1) separating the series into two relatively uniform periods to be used in the calibration and validation of the developed TVLM, and (2) examining the impact of climate variability (signified by changes in precipitation and PET) on runoff generation. Figure 2 shows the results of the Mann-Kendall test for the annual runoff of the four catchments over the time period from 1960 to 2003. It demonstrates that the runoff from all four catchments exhibits an upward trend with an abrupt change occurring around 1987 at 5% significance level at Gaosha and Meigang. A similar Mann-Kendall test was also applied to the annual precipitation and PET data (Figs 3 and 4) . The precipitation data show a similar upward trend at 5% significance level at Gaosha and Meigang, but the PET data exhibit a downward trend at 5% significance level for all four catchments. Based on the test results, we divide the time series into two periods: the baseline period or pre-change period ) and the post-change period (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) . It is clear that the annual runoffs during the two periods are significantly different, with increased variability in the post-change period. The response function of the TVLM is solved based on the pre-change period data, and is used to simulate the runoff process of the pre-change and post-change period, for evaluating the TVLM performance and analysing the impact of climate variability.
The TVLM is used on a daily scale with the model input being the daily precipitation and PET, and output being the daily runoff. To examine the influence of the memory length (i.e., values of m 1 and m 2 in equations (3b) and (3c)) on the TVLM performance, we investigate the relationship between the performance indices (i.e., MRE, COC and NSE as defined in equation (5)) and the memory lengths as shown in Fig. 5 for the pre-change period (i.e., the calibration period of the response function) and Fig. 6 for the post-change period (i.e., the validation period). Note that the solid lines represent the results of the SLM when m 2 in equations (3b) and (3c) is omitted and the TVLM reduces to the SLM. The results illustrate that the model performance improves when the additional term related to the PET is added (i.e., when m 2 is larger than zero). In particular, the values of MRE decrease and the values of COC and NSE increase as we increase the values of m 2 . The extension of memory length of PET (i.e., values of m 2 ) in addition to the precipitation input can enhance the model performance, which illustrates that the TVLM produces better runoff results than the SLM (i.e., m 2 = 0 in Figs 5 and 6). It is interesting to note that while COC and NSE increase when the memory length of precipitation m 1 increases, MRE also increases, likely due to the fact that the TVLM and SLM mostly consider the correlation to monitored data rather than the total water balance.
To investigate the influence of adding a PET term (i.e., including m 2 ) on the response functions, we show some of the response function results of the TVLM {m 1 = 10|m 2 = 0, 5, 10, 15, 20} and {m 1 = 15|m 2 = 0, These results reflect the physical reality of runoff generation, indicating the general effects of precipitation and PET on the runoff. It is also important to reveal that including the PET term has not affected the response functions of precipitation, as the values of A are not affected by the m 2 values. This conclusion signifies that adding PET in runoff generation simulations enhances model performance as an additional term without changing the fact that precipitation is the main driver of runoff. The response function results for precipitation indicate that precipitation from about the last 10 days mostly impacts runoff generation, as the response function of precipitation approaches zero after 10 days. The Meigang and Xiashan catchments have larger areas area than the Gaosha and Saitang catchments. The precipitation response function at 3 days from the current day has the largest value in the Meigang and Xiashan catchments compared to 2 days from the current day for the Gaosha and Saitang catchments, indicating that catchments with larger areas have slower concentration times in runoff generation. The response function values of PET (i.e., B) at the current day are always positive for all memory spans, likely indicating a delayed effect of the PET on runoff generation. It should be emphasized that PET data (about 0.2-6 mm d -1 ) are considerably smaller compared to the precipitation data, which may make it difficult for the TVLM to recognize their negative effects on runoff in the current day. In all cases, the PET terms mostly act as a correction in the TVLM method. The average values of the PET response function of these cases range from −0.06 to −0.004, illustrating small but mostly negative effects that PET has on runoff generations.
Based on the above discussion, we chose a memory span of 15 days for both precipitation and PET (i.e., m 1 = 15, m 2 = 15) in the TVLM for our subsequent analysis. The SLM results for m = 15 are also included for comparison. Table 1 shows the performance indices (MRE, COC and NSE) for both SLM and TVLM during the pre-change (1960-1986), post-change (1987-2003) and total (1960-2003) periods. The COC and NSE for the TVLM are always higher than those for the SLM, while the absolute MRE values for the TVLM are always less than those for the SLM. Once again, this indicates that including the PET term in the TVLM can enhance the model performance in runoff simulations compared to the precipitation only SLM under otherwise the same conditions. The PET has a small volume compared with the volume of precipitation. Runoff generation is mainly related to the precipitation. The addition of a PET term generally works as a correction factor, thus the difference in the indices seems to be secondary.
Impact of climate variability on runoff
The EVC model is also used for comparison with the TVLM in the impact analysis of climate variability on runoff. Table 2 shows the calculated parameters and sensitivity coefficients of EVC based on the data for the pre-change period. The EVC model is used on the annual scale and to calculate the annual runoff, because the EVC is a long-term mean annual change model.
The daily runoff results of the TVLM and SLM are converted to annual runoff for comparison with the EVC results as shown in Fig. 8 . It is found that the SLM always produces larger runoff than the TVLM, which is due to the fact that the TVLM considers the negative effects of PET on runoff. The runoff amplitudes simulated by the EVC are larger than those by the TVLM, meaning the EVC simulated results have higher peaks and lower troughs. The performance indices for the EVC and TVLM at the annual scale are shown in Table 3 . The performance of the TVLM and EVC is comparable with small MRE and high COC and NSE. In general, the EVC produces slightly better results than the TVLM in the calibration period (i.e., 1960-1986) , while the TVLM is slightly better in the other periods. Figure 9 shows the results of annual runoff changes due to climate variability (ΔR clim ) based on the TVLM and EVC models, with both models producing similar results. However, the EVC simulates higher peak values in the runoff changes. Figure 10 shows the results of annual percentage changes of runoff due to climate variability (I clim ) based on the two methods. Both Table 2 . Parameters and sensitivity coefficients of the EVC based on the data for the pre-change period. methods indicate more positive changes than negative changes. As a net result, increasing runoff is found to be the main trend in this period. In summary, we have used the new TVLM method developed in this study to evaluate the impact of climate variability on runoff generation in Poyang Lake basin, China, and compared it with the widely-used EVC model. While these two methods generated similar results, it is worth pointing out the main differences between the two models. First, the EVC method estimates the impact of climate variability directly through sensitive coefficients, while the TVLM method reconstructs the runoff process to first estimate the impact of other effects, and then assess the effect of climate variability. Second, the two methods are based on different model structures at different temporal scales. The EVC is a catchment-scale model for the response of mean annual evapotranspiration to vegetation, while the TVLM method is based on a linear model connecting precipitation and PET to runoff. Finally, they are applied at very different time scales. The TVLM method can be used at short temporal scales appropriate for most observations (daily in the illustrative case presented in this study, but can be used at shorter temporal scales if desired) and the results then scaled up to the scales of interest for applications, while the EVC method is used mainly for long-term analyses and applications. The EVC method has been widely used for impact studies of hydrological processes around the globe. It is encouraging to observe that these two methods produced quite similar results for long-term (annual in the example application considered in this study) impacts, which adds to the validity and appeal of the proposed approach in this study. While the response function developed from the pre-change period has been used for the post-change period in this study, this is not a restriction embedded in the model. The response function idea could be extended to include nonstationary effects of catchment response. For example, the data record can be divided into several periods and used to investigate how transfer functions might potentially evolve with time if the data record is long enough. For practical applications, the model could be updated as the data record period increases with time. Therefore, the TVLM can be extended to dynamically investigate the model response functions.
The main objective of this study was to investigate how including PET can improve simple runoff generation models. A linear model has a simple structure based on response functions. Some previous studies have demonstrated that lumped hydrological models similar to the one used in this study are not necessarily worse than models of more complicated structures (e.g., Carpenter and Georgakakos 2006, Vansteenkiste et al. 2014) . Note that the approach is not a simple oneto-one linear response model, but a convolution linear model including memory effects. The effect of memory length has also been examined in this study.
Concluding remarks
A new model to relate runoff generation to precipitation and potential evapotranspiration (PET), the twovariable linear model (TVLM), has been developed in this study. An additional PET term is incorporated in the linear model, and the performance of this new model has been investigated compared the simple linear model (SLM) and the evapotranspiration to vegetation changes (EVC) model. The main conclusions are summarized as follows.
The TVLM performs better, as measured by a lower mean relative error (MRE) and higher coefficient of correlation (COC) and Nash-Sutcliffe efficiency (NSE) compared to the SLM, under otherwise the same conditions. The response function values of precipitation are always positive, while the response function values of PET are mostly negative. Including PET memory has not affected the response functions of precipitation, which signifies that adding PET in runoff generation simulations enhances model performance as a correction term without changing the fact that precipitation is the main driver of runoff generation. The PET term has a small contribution compared to the precipitation effects on runoff generation.
The runoff results from the SLM are always higher than those from the TVLM method, due to the fact that the TVLM approach has considered the negative effects of PET on runoff. The TVLM method could be used as a tool for estimating the impact of climate variability on runoff, as it produces similar results compared to the widely used EVC model and adds flexibility of temporal scales for a variety of hydrological applications.
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